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(Weinstein & Pommier, Comptes Rendus Biol. 2003; 326:909)

The Cancer Genome Atlas (TCGA)
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The Cancer Genetic Markers
of Susceptibility Project (CGEMS)



CellMiner:  An Integrative Database/Tool for Molecular ProfilingCellMiner:  An Integrative Database/Tool for Molecular Profiling DataData

Molecular Profile Data (transcript and protein profiles for TP53 in the NCI-60):

Cell Metadata (for the NCI-60 and drug-resistant cells):

(Shankavaram, et al., Mol. Cancer Ther., 2007)



Launched in the November, 2006 Issue

http://mct.aacrjournals.org


Agilent, Inc.



NimbleGen Systems, Inc.



Analyzing  and Integrating Omic Data:Analyzing  and Integrating Omic Data:Analyzing  and Integrating Omic Data:



Statistics of HighStatistics of High--Dimensional Omic DataDimensional Omic Data

Multivariate linear regression
Principal component analysis
Principal component regression (PCR)
Multidimensional Scaling
Partial least squares regression
Stepwise regression
ROC analysis
SAM, PAM, Gene Shaving
Correlation (Pearson, Spearman)
Cluster analysis (e.g., hierarchical)
Clustered image map (e.g., Weinstein, et al., Science 275:343,1997)

From Classical Statistics

Computer-intensive statistical methods
Bootstrap, Jackknife cross-validation
Monte Carlo data randomizations, permutation tests
Hidden Markov chain Monte Carlo
Hierarchical error modeling with Gibbs sampling

From Machine Learning
Neural networks  (Weinstein, et al., Science 258:447,1992)
Kohonen self-organizing maps (SOMs)
Genetic function approximation
Random Forest



http://discover.nci.nih.gov (lead software engineer: D. Kane, SRA)

Freely Available Bioinformatic Resources
from the Genomics & Bioinformatics Group, LMP, CCR, NCI

MatchMiner:MatchMiner: translates among gene identifier types for lists of hundreds or translates among gene identifier types for lists of hundreds or thousands of genes.  Includes: thousands of genes.  Includes: 
GenBank accession numbers, IMAGE clone IDs, common gene names, HGenBank accession numbers, IMAGE clone IDs, common gene names, HUGO names, gene UGO names, gene 
symbols, UniGene clusters, FISHsymbols, UniGene clusters, FISH--mapped BAC clones, Affymetrix identifiers, and chromosome mapped BAC clones, Affymetrix identifiers, and chromosome 
locations.  (Bussey, et al., Genome Biology 2003; 4:R27)locations.  (Bussey, et al., Genome Biology 2003; 4:R27)

GoMiner and HighGoMiner and High--throughput GoMiner (HTGM)throughput GoMiner (HTGM) leverage the Gene Ontology for large lists of genes, for leverage the Gene Ontology for large lists of genes, for 
example in example in microarrymicroarry experiments.  HTGM deals with multiple microarrays in a study, experiments.  HTGM deals with multiple microarrays in a study, providing providing 
calculations and CIM graphics to integrate the data over the entcalculations and CIM graphics to integrate the data over the entire set of experiments (ire set of experiments (ZeebergZeeberg, et , et 
al., Genome Biology 2003; 4:R28 and BMC Bioinformatics 2005:6; 1al., Genome Biology 2003; 4:R28 and BMC Bioinformatics 2005:6; 168).68).

CIMminerCIMminer:: generates colorgenerates color--coded Clustered Image Maps (coded Clustered Image Maps (CIMsCIMs) () (““heat mapsheat maps””) to represent ) to represent ““highhigh--
dimensionaldimensional”” data sets such as gene expression profiles.  We introduced CIMsdata sets such as gene expression profiles.  We introduced CIMs in the early 1990in the early 1990’’s.  s.  
Clustering of the axes brings like together with like to create Clustering of the axes brings like together with like to create patterns of color.  (Weinstein, et al., patterns of color.  (Weinstein, et al., 
Science 1997; 275:343Science 1997; 275:343--349).349).

MedMiner:MedMiner: searches and organizes the biomedical literature on genes, genesearches and organizes the biomedical literature on genes, gene--gene relationships, and genegene relationships, and gene--
drug relationships. drug relationships. MedMinerMedMiner speeds up 5speeds up 5--fold the capture and organization of literature from fold the capture and organization of literature from 
PubMedPubMed searches.  (Tanabe, et al., searches.  (Tanabe, et al., BioTechniquesBioTechniques 1999; 27: 1210).1999; 27: 1210).

AbMiner:AbMiner: relational database of commercially available antibodies and quarelational database of commercially available antibodies and qualitylity--control information on them.control information on them.
LeadScopeLeadScope// links molecular markers and the drug discovery process.  It linklinks molecular markers and the drug discovery process.  It links gene expression profiles fors gene expression profiles for

LeadMinerLeadMinerTMTM::thethe NCINCI--60 (or other screening cell panel) to a set of 27,000 chemical s60 (or other screening cell panel) to a set of 27,000 chemical substructure descriptors of ubstructure descriptors of 
compounds tested against the cells. (Blower, et al., Naturecompounds tested against the cells. (Blower, et al., Nature’’s s PharmacogenomicsPharmacogenomics J. 2002; 2:259)J. 2002; 2:259)

SmudgeMinerSmudgeMiner:: introduces new algorithms and visualizations for detecting regiointroduces new algorithms and visualizations for detecting regional nal artefactsartefacts on microarrays and  on microarrays and  
assessing their influence.  (assessing their influence.  (ReimersReimers and Weinstein, BMC Bioinformatics 2005;6: 166)and Weinstein, BMC Bioinformatics 2005;6: 166)

MIMminerMIMminer:: electronic Molecular Interaction Maps (electronic Molecular Interaction Maps (MIMsMIMs) (Kohn, et al., ) (Kohn, et al., Mol.BiolMol.Biol. Cell 2006;17: 1) . Cell 2006;17: 1) 
CellMiner:CellMiner: DNA, RNA,and protein molecular profiles on the NCIDNA, RNA,and protein molecular profiles on the NCI--60 and drug60 and drug--resistant cells in a resistant cells in a queryablequeryable, , 

useruser--friendly web database/tool (friendly web database/tool (ShankavaramShankavaram, et al., , et al., MolecMolec. Ca. . Ca. TherTher., in press).., in press).
SpliceMiner:SpliceMiner: Organizes information on splice variants of genes (Kahn, et al.Organizes information on splice variants of genes (Kahn, et al., BMC , BMC BioinfBioinf. 2007;8:75).. 2007;8:75).

(Head:  John N. Weinstein, M.D., Ph.D.; jw4i@nih.gov)

(URL:discover.nci.nih.gov -- highlighted in Science (Netwatch)

mailto:jw4i@nih.gov
http://discover.nci.nih.gov


The Miner Suite: Tools for The Miner Suite: Tools for IntegromicIntegromic ResearchResearch

Chromosome IconsClustered Image Maps

External
Resources:
Spotfire
GenBank
GeneCards
CGAP
MAExplorer
UniGene
UCSC
LocusLink
OMIM

Input:  DNA, RNA, Protein, Functional, Structural,
Chemical, Pharmacological, Clinical Data

Microarray Data Molec. Interaction Maps

GBG Software:
MIMminer
CIMminer
MatchMiner
GoMiner
MedMiner
AbMiner
LeadMiner
MethMiner
SmudgeMiner
CellMiner
SpliceMiner



CIMminer: Clustered Image Maps  (CIMs)CIMminerCIMminer: Clustered Image Maps  (CIMs): Clustered Image Maps  (CIMs)

Weinstein et al, Stem Cells, 1994
Weinstein et al, Science, 1997
Myers…Weinstein, Electrophor.,1997

http://discover.nci.nih.gov

Cells

Cells

Eisen et al, PNAS, 1998



Electronic Molecular Interaction Map (Electronic Molecular Interaction Map (eMIMeMIM)) (http://discover.nci.nih.gov)(http://discover.nci.nih.gov)

-K. Kohn

p53
Molecular Interaction Map Symbology

Perspective article:  Aladjem, et al.,
Science STKE, 2004



SpliceMiner InputSpliceMiner Input

(Kahn, Zeeberg, et al., BMC Bioinf., 2007)



SpliceMiner OutputSpliceMiner Output

Probe
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Indolonaphthoquinones

(Blower, et al., Nature’s Pharmacogenomics Journal 2:259, 2002)

Leadscope/LeadMiner:  From Genes to Chemical Substructures



(Blower, et al., Nature’s Pharmacogenomics Journal 2:259, 2002)

Leadscope/LeadMiner:  From Genes to Chemical Substructures



Integromics: Translational VignettesIntegromicsIntegromics: Translational Vignettes: Translational Vignettes



””

Asparagine Synthetase Expression 

and

L-Asparaginase Activity 

Integromic Vignette 1: Pharmacogenomics



Rationale for Therapy with L-AsparaginaseRationale for Therapy with LRationale for Therapy with L--AsparaginaseAsparaginase

Inject
Bacterial L-AsparaginaseLymphoblastic

Leukemia Cell

Low Asparagine
Synthetase

Asparagine 
from

Bloodstream

Cell Starves
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Correlating Gene Expression Pattern with Drug Activity  (CIM)Correlating Gene Expression Pattern with Drug Activity  (CIM)

(Scherf, et al., Nature 
Genetics 24: 625, 2000)



ASNS Expression vs. L-ASP Activity in the NCI-60 Cell Lines

Leukemia

r = -0.98

Ovarian

r = -0.89

Scherf et al., Nat Genet (2000); Bussey et al., Mol Ca. Ther (2006); Lorenzi et al., Mol Cancer Ther, submitted

cDNA r = -0.89

Affymetrix Hu6800 r = -0.90
Affymetrix U95 r = -0.85
Affymetrix U133 r = -0.86

aCGH r = -0.98

Question: Is this 
relationship causal?



ASNS Protein Expression after siRNA Transfection

OVCAR-4

OVCAR-3

OVCAR-8

L-ASP
MTS Assay

L-ASP MTS Assay
L-ASP MTS Assay



Response to L-ASP After siRNA Knock-down

OVCAR-4

OVCAR-3

OVCAR-8

4.9 and 4.1-fold

4.3 and 3.2-fold610 and 570-fold



Multidrug Resistance and the ASNS/L-ASP Relationship

OVCAR-4

OVCAR-3

OVCAR-8

OVCAR-8/ADR

710 and 710-fold



Ovarian Cancer Tissue ArrayOvarian Cancer Tissue ArrayOvarian Cancer Tissue Array



Conclusions: LConclusions: L--AsparaginaseAsparaginase

There is a There is a pharmacogenomicpharmacogenomic / / pharmacoproteomicpharmacoproteomic relationship between Lrelationship between L--
ASP activity and the expression of ASNS in ovarian cancer cell lASP activity and the expression of ASNS in ovarian cancer cell lines.ines.

That relationship is causal (That relationship is causal (siRNAsiRNA exptsexpts).).

The relationship is not affected by classical The relationship is not affected by classical multidrugmultidrug resistance.resistance.

The findings provide rationale for clinical testing of LThe findings provide rationale for clinical testing of L--ASP against lowASP against low--ASNS ASNS 
subsets of ovarian cancers with ASNS as a causally linked biomarsubsets of ovarian cancers with ASNS as a causally linked biomarker.ker.



• Transportomics

Omics - Beyond Genomics and ProteomicsOmicsOmics -- Beyond Genomics and ProteomicsBeyond Genomics and Proteomics

• Proteomics
• Genomics

• Transcriptomics
• Kinomics
• CHOmics
• Immunomics
• Toxicomics
• Metabolomics
• Metabonomics

-ome:  abstract entity, group, mass
--- Webster’s Unabridged Dictionary

(Weinstein, Science 282: 627, 1998)

• Pharmacogenomics

• Functional Genomics
• Structural Genomics

• Pharmacoproteomics

• Pharmacomethylomics
Weinstein, NEJM 343:1408 (2000)

• Ecogenomics,           
Ecoproteomics

• Economics• Ecomics

• Clinomics

• Pharmacomics

Synergy between omic
and hypothesis-driven research

Synergy between experimental 
science and bioinformatics

Synergy among scientific cultures

Synergy between domain and 
analytical expertise

Synergy among types of molecular 
data

IntegromicsTM
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